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Introduction
Wild boar have become one of the most widely
spread ungulates in the Iberian Peninsula (Vitorino &
Fonseca, 2004; Rosell & Herrero, 2007), in Europe
(Massei & Genov, 2000; Keuling et al., 2013), and in
the world (Long, 2003; Oliver & Leus, 2008). Their
spread has been linked to their biological traits that
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Wild boar (Sus scrofa) populations in many areas of the Palearctic including the Iberian Peninsula have grown
continuously over the last century. This increase has led to numerous different types of conflicts due to the damage
these mammals can cause to agriculture, the problems they create in the conservation of natural areas, and the threat
they pose to animal health. In the context of both wildlife management and the design of health programs for disease
control, it is essential to know how wild boar are distributed on a large spatial scale. Given that the quantifying of the
distribution of wild species using census techniques is virtually impossible in the case of large-scale studies, modeling
techniques have thus to be used instead to estimate animals’ distributions, densities, and abundances. In this study,
the potential distribution of wild boar in Spain was predicted by integrating data of presence and environmental variables
into a MaxEnt approach. We built and tested models using 100 bootstrapped replicates. For each replicate or simulation,
presence data was divided into two subsets that were used for model fitting (60% of the data) and cross-validation
(40% of the data). The final model was found to be accurate with an area under the receiver operating characteristic
curve (AUC) value of 0.79. Six explanatory variables for predicting wild boar distribution were identified on the basis
of the percentage of their contribution to the model. The model exhibited a high degree of predictive accuracy, which
has been confirmed by its agreement with satellite images and field surveys.
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include their highly varied trophic spectrum (Herrero
et al., 2006), great adaptability to variable food
resources and different ecological conditions (Abaigar,
1993; Herrero et al., 2005), high reproductive rate
(Taylor et al., 1998; Rosell et al., 2001), and, finally,
an ability to adapt their spatio-temporal behavior to
local conditions (Podgórski et al., 2013). In previous
decades, the remarkable increase in the number of wild
boar was directly proportional to the progressive
abandonment of rural areas, which provided wild boar
with more areas in which to shelter – mostly scrub and
wooded areas – and more trophic resources (Tellería
& Sáez-Royuela, 1985; Sáez-Royuela & Tellería, 1986;
Herrero et al., 2005). In some countries such as Spain,
the great scarcity of predators (Massei & Genov, 2000)
that could naturally control wild boar populations also
favored this species’ expansion.
In many countries, wild boar are widely hunted and
constitute an important economic resource. In Spain,
it is estimated that 176,245 wild boar were killed in
the 2006-2007 season (Bosch et al., 2012). In some
cases, the prof itability of hunting has encouraged
certain practices such as the use of artificial feeders
and the legal or illegal relocation of individuals that
have increased the number of boar (Wood & Barret,
1979; Spencer & Hamton, 2005). The negative effects
of increases in wild boar populations include damage
to crops (Herrero et al., 2006; Schley et al., 2008),
traffic accidents (Rosell et al., 2001; Peris et al., 2005;
Colino-Rabanal et al., 2012), and the transmission of
diseases since wild boar act as a reservoir for livestock,
wildlife, and human diseases such as brucellosis,
tuberculosis, salmonellosis, Aujeszky’s disease, and
classical and African swine fever. Some of these
diseases can cause direct or indirect economic losses
– mortality and poorer weight gain in livestock – and
oblige the implementation of disease prevention,
control, and eradication programs. A prerequisite for
designing and implementing effective control
programs is knowledge of the spatial distribution of
the target species. Biodiversity models that consider
species distribution, density, and abundance are of
great importance for designing and implementing
effective species management.
In countries such as Spain, extensive pig rearing is
a very important economic activity. The resources
offered by the vegetation – both food and shelter – are
often shared by freeranging pigs and wild boar, which
thus creates hotspot contact points and increases the
risk of disease transmission. Moreover, stretches of
vegetation that cross national borders can act as
corridors for wild boar and increase the risks of a
transboundary spread of disease.
Climate is a key factor in explaining the species
distribution in the world (Von Humboldt & Bonpland,
1807; De Candolle, 1855). Peninsular Spain (Canary
and Balearic Islands, Ceuta and Melilla not included)
is situated between latitudes 35° and 45° N and, due to
its geographical position in the southern Palearctic,
lies in a transition zone between contrasting climatic
regions. This privileged location in the extreme south-
west of Europe has meant that for millennia human
influence has transformed the landscape and created a
variety of unique semi-natural agroforestry systems.
Spain is an area of highly heterogeneous topography,
complex geomorphology, and remarkable geographical
and lithological partitioning. It contains three biogeo-
graphic regions, Mediterranean, Atlantic and Alpine.
The Mediterranean bioclimatic region is influenced by
two floristic worlds, the Holarctic and the Paleo-
tropical, whose effects combine as they interact mu-
tually (García et al., 2002). Here, thermo-, meso-, and
supra-Mediterranean levels predominate, while in the
Atlantic bioclimatic region, thermo-, meso-, and oro-
temperate are the most common climatic levels and in
Alpine region is criorotemperate.
Climate in combination with other environmental
factors are the main elements that determine vegetation
patterns (Woodward, 1987; Ellenberg, 1988). Vege-
tation cover will influence the distribution of an animal
species more than any other factor since it determines
the land’s ability to supply food and/or shelter for
animals. Therefore, vegetation cover is a limiting factor
for the spread of a species (Herrero et al., 2006).
In the Iberian ecosystems, five climatic factors are
responsible for modeling vegetation landscapes (Martí
& del Moral, 2003): (1) the north-south variation
between temperatures, (2) continentality, (3) the varia-
tion between the basic Mediterranean substrates and
the western acidic Atlantic substrates, (4) altitude, and
(5) anthropic influences. Overall, Spain is a mosaic of
living, functioning agroforestry systems which possess
a greater genetic diversity of flora and fauna (De Mi-
guel, 2002) than more northerly regions (Papanastasis
et al., 2009; Pardini, 2009).
Biogeographical variation in wild boar density in
western Eurasia has been evaluated by Melis et al.
(2006) while Oliver & Leus (2008) have assessed this
species’ distribution in the Euroasiatic zone. In the case
of the Iberian Peninsula, Bosch et al. (2012) have
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recently created a habitat suitability map for wild boar
based on the availability of vegetation resources, i.e.,
food resources and shelter. These authors used different
studies to assess the risk of introducing disease along
vegetation corridors crossing national borders (De la
Torre et al., 2013). Furthermore, these studies also
have been applied in Spanish epidemiological survei-
llance programs for certain diseases (Ministerio de
Agricultura, Alimentación y Medio Ambiente, Spain,
2013). Finally, suitability maps are also very useful for
identifying wildlife livestock interfaces (Hull et al.,
2014) and def ining potential hotspots (De la Torre
et al., unpublished data).
In recent years, signif icant advances have been
made in the statistical tools and techniques used to
generate species distribution models (SDMs) (Guisan
& Zimmermann, 2000; Guisan & Thuiller, 2005; Elith
& Leathwick, 2009). SDMs predict species occurren-
ce using mathematical models based on field data and
environmental variables (Phillips et al., 2006), which
can indicate the suitability of habitats for developing
populations of a particular species or community
(Ferrier, 2002). Statistical methods employed for
formulating SDMs include those that require pre-
sence/ absence data, as well as those such as the ma-
ximum entropy model (MaxEnt) that are based only
on presence data (Phillips et al., 2006; Phillips &
Dudík, 2008). The MaxEnt (Phillips et al., 2006)
method has proven to be well suited to a wide range
of presence-only datasets, most notably datasets with
11-13 environmental variables and >100 occurrences
(Hernández et al., 2006; Phillips & Dudík, 2008;
Baldwin, 2009). This method applies the principle of
maximum entropy to calculate the most likely geo-
graphical distribution for a species. It works in a
similar – but not identical – way to generalized linear
models (GLM) and general additive models (GAM)
but with the difference that the equation is adjusted
using an artif icial intelligence method that assumes
no predetermined pair-distribution data (Phillips
et al., 2006). MaxEnt employs a regularization func-
tion that prevents prediction caused by overfitting the
data (Phillips et al., 2006; Phillips, 2008). It estimates
the probability of species occurrence by searching for
the maximum entropy distribution (closest to uniform)
that is subject to the constraint that the expected value
of each environmental variable under this estimated
distribution matches its empirical average (average
values for the set occurrence data). This model ex-
presses the value of habitat suitability for the species
as a function of environmental variables. A high value
for the distribution function in a particular grid cell
indicates that it has very favorable conditions for the
presence of the species. Recent publications have
demonstrated mathematically that MaxEnt is essen-
tially equivalent to a non-homogeneous Poisson pro-
cess and weighted logistic regression model with a
background of properly weighted points (Fithian &
Hastie, 2013). MaxEnt prevents overfitting better than
the variable-selection methods such as generalized
additive and generalized linear models that are com-
monly used for regression-based models (Phillips &
Dudík, 2008). Unlike discriminative regression-based
methods, MaxEnt is a generative approach that models
species distribution directly. Previous studies have
indicated that generative methods give better pre-
dictions than discriminative methods (Phillips &
Dudík, 2008). In addition, some authors have argued
that the MaxEnt model approach performs better than
other presence-based algorithms (Elith et al., 2006;
Benito de Pando & Peñas de Giles, 2007; Elith &
Leathwick, 2009; Mateo et al., 2010) and usually gua-
rantees accurate predictions of species’ distribution
(Elith et al., 2006; Tsoar et al., 2007). Besides MaxEnt
employs a regularization function that prevents predic-
tion from over-fitting the data (Phillips et al., 2006;
Phillips, 2008). Absence records are not as widely
available in Spain as in many other regions and so the
MaxEnt model represents a good approach for calcu-
lating the potential distribution of wild boar using the
most important environmental variables that act as
predictors of distribution and explain the occurrence
of wild boar. As many authors have previously sug-
gested, the f irst strategy for reducing the inconsis-
tencies between different species-distribution models
is to conduct thorough model comparison evaluations
and adopt the most promising techniques for modeling
(Elith et al., 2006; Lawler et al., 2006; Prasad et al.,
2006). The second strategy is to apply consensus
methods (Laplace, 1820; Thuiller, 2004; Araújo &
New, 2007; Marmion et al., 2009).
The aims of the present study were to predict the
potential distribution of wild boar in Spain and to iden-
tify the environmental variables that influence it by in-
tegrating animal presence and environmental data into
a MaxEnt approach. This use of MaxEnt is intended
as a starting point that will allow comparison with
other models, as well as its future implementation in
a consensus model that will increase the robustness of
the prediction.
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Materials and methods 
Study area
In this study, the potential distribution of habitat
suitability for wild boar was restricted to peninsular
Spain (total area: 493,519.54 km2). Located in the
southwestern Palearctic, Spain has a mean altitude of
~ 660 m a.s.l. (SD 1041.34) and a maximum height of
3,479 m. The Pyrenees act as a natural barrier that
isolates Spain from the rest of northern Europe. The
nature of the Iberian Peninsular – e.g., its geographical
position and topographical configuration – ensures that
the typical environmental variables associated with
wild boar distribution in Spain differ from those in
many other areas of its world distribution.
Data source: Wild boar occurrence
The spatial distribution of Sus scrofa occurrence
data (latitude and longitude) was obtained largely from
the data portal of the Global Biodiversity Information
Facility (GBIF: the world’s largest online depository
of records and provides access to specimen data from
databases of biological surveys and collections from
throughout the world. Retrieved information from the
GBIF data portal gave a total 4,691 S. scrofa occurren-
ce records in Spain in the period 1982-2013, with a
resolution of ≤10 km, mainly consisting of f ield
observations (~95% of the data). The main source of
records in the GBIF was the Atlas and Red Data Book
of the Terrestrial Mammals of Spain (3,669 out of
4,691 records) by Palomo et al. (2007) (National Bio-
diversity Inventory 2007, Ministry of Environment and
Rural and Marine Affairs, Spain). This atlas provides
information on the distribution of species in UTM
10 × 10 km grids corresponding to 15 years of work
collating bibliographic data, data from collections in
museums and scientific institutions, surveys and ques-
tionnaires conducted by technical staff in protected
natural areas, and unpublished data from collaborators,
partners and the authors’ own personal observations
and sampling. A further 119 presence records with
coordinates were also used that were spatially and
temporally distinct from those in the GBIF web. Data
from Melis et al. (2006) and unpublished f ield data
from Madrid and Andalusia (Spanish Ministerio de
Agricultura, Alimentación y Medio Ambiente, 2012)
were also obtained. These presence records have GPS
coordinates and were collected from animal trapping
studies.
Typically, neighboring records are associated with
similar values for environmental variables, which will
potentially violate the assumption of independence
(Heffner et al., 1996). To mitigate pseudoreplication
(Heffner et al., 1996), a minimum distance between
sampling sites that was greater than the minimum dis-
tance at which autocorrelation is generated was defi-
ned (Guisan & Zimmermann, 2000). To reduce this
spatial autocorrelation, the distance between data pairs
was widened and the density of points of presence was
reduced to a minimum distance of 0.15 decimal
degrees (~16 km) using the statistical software R (R
Development Core Team, 2012). After applying the
exclusion criteria and performing the selection process
to reduce the density between occurrences, a total of
1,082 of the original 4,691 GBIF points became
available for model building (Fig. 1).
Finally, we generated a random sample of 10,000
background points from the environmental data
(Phillips & Dudík, 2008; Elith et al., 2011), which are
required by the MaxEnt method to mimic absences or
pseudo-absences of the species.
Data source: environmental variables
After a review of the most important factors affec-
ting the distribution of wild boar in Spain based on
information available on a large scale, we selected 38
variables as potential predictors of wild boar distri-
bution. Environmental variables were grouped into
climatic predictors explaining the species macro-
ecology, and into topographic, solar radiation, human
influence, and vegetation predictors to determine the
abundance and distribution of animals. The data
sources are shown in Suppl. Table S1 [pdf online].
Briefly, we used 19 rasters from the WorldClim online
database for the period 1950-2000 (Hijmans et al.,
2005) at a spatial resolution of 5 arc-minutes (~10 km).
Topography layers included altitude (elevation), slope,
and topographic diversity. Altitude (USGS, 2004) was
obtained from the Global Land Cover Facility
(http://glcf.umd.edu/data/) at a spatial resolution of 30
arc-seconds (~1 km); we then changed the spatial
resolution to 5 arc-minutes (~10 km) and calculated
the average of 1 × 1 km cells that occur inside each
10 × 10 km cell. Slope and topographic diversity were
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derived from the elevation variable and were generated
at a spatial resolution of 10 km. Topographic diversity
represents the topographic complexity of the terrain
(the sum of the different number of slopes, elevations,
and orientations in a 10 km radius around a given cell).
Potential solar radiation variables were calculated
using the elevation model (obtained from WorldClim
in the Shuttle Radar Topography Mission (SRTM)
elevation database), slope, orientation, and latitude and
longitude maps. A series of equations that simulate the
movement of the sun at certain dates and times – but
taking into account the masking effect of the topo-
graphy – were used. Solar radiation variables were
generated with the Geographic Resources Analysis
Support System (GRASS Development Team, 2011)
software vers. 6.4.1 (http://grass.osgeo.org) and imple-
mented in the module r.sun (Suri & Hofierka, 2004);
the resolution was estimated at 5 arc-minutes (10 km).
Anthropogenic or human influence was approximated
using the human footprint raster (Sanderson et al.,
2002) obtained from the Socioeconomic Data and
Applications Center (SEDAC, http://sedac.ciesin.co-
lumbia.edu) and by changing the spatial resolution
(from 1 km to 10 km) in the same procedure as for the
altitude variable. Finally, the Normalized Difference
Vegetation Index (NDVI) datasets (Tucker et al., 2004)
estimating the quantity and quality of vegetation
development were obtained from the Global Inventory
Monitoring and Modeling Studies (GIMMS), while the
vegetation structure as a percentage of bare, herba-
ceous, or tree coverage were taken from the Vegetation
Continuous Fields (MODIS-VCF). These data repre-
sent variations in the vegetation index during the 12
months of 2004. Despite covering only a short period
of time, these data were selected because they offer
good spatial resolution for this variable.
The 38 environmental predictors were evaluated to
reduce collinearity by screening out a correlation tree
or cluster dendrogram (Suppl. Fig. S1 [pdf online]).
The evaluation process analyzed the correlation matrix
of environmental variables according to distance
(shortest distance = higher correlation), which identi-
fies redundant variables using the raster package (Hij-
mans & van Etten, 2012) implemented in the R pro-
gram. From the resulting correlation tree, variables
were selected based on a cutoff or threshold minimum
of 0.5. In each group of variables with node <0.5, only
one variable was selected based on statistical and
Figure 1. Distribution of points after the selection of the Sus scrofa presence records in Spain (occurrence data for wild boar in
Spain). A total of 1,082 points were obtained, thereby reducing the density between points of presence.
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biological criteria. Of the set of variables with the
lowest correlations, the most representative ones for
the wild boar were selected according to biological cri-
teria and taking into account the particular environ-
mental conditions in Spain. In addition to the above
procedure, we calculated the variance inflation factor
by sequentially removing variables with higher values
(maximum value allowed = 5) since variables may
exist that are a linear combination of other variables.
The working resolution for all environmental
variables for habitat suitability mapping was 5 arc-
minutes, ~10 km on the WGS 84 projection.
Model formulation and evaluation
We used a maximum entropy algorithm available in
MaxEnt (Phillips et al., 2006). Models based on 100
bootstrapped replicates were built and tested, i.e.,
replicate sample sets were chosen by sampling with
replacements, by selecting ‘random seed’, and cross-
validating. For each replicate or simulation, 1,082
presence data were divided into two subsets that were
used for model f itting (60% of the data) and cross-
validation (40% of the data) (Fielding & Bell, 1997).
The accuracy of the final model was estimated by
computing the area under the curve (AUC) of the
receiver operating characteristic (ROC) curve, which is
the preferred technique used to evaluate models based
on presence-only data (Stockwell & Peters, 1999).
Briefly, a ROC plot was built by plotting the sensitivity
– the fraction of true positives out of the total number
of positives (wild boar presences) – against the false
positive fraction at various threshold settings (Manel et
al., 2001). Subsequently, the AUC was determined and
used as a measure of the discriminating power of the
fitted model (Pearce & Ferrier, 2000). The closer the
AUC value is to 1, the greater its accuracy; values of 0.5
suggest that the model performs no better than random.
The model was fitted using an iterative process in
which each iteration resulted in an increase in the
regularized gain of the model due to the modification
of a coeff icient for a single feature. This gain was
normalized to percentages in relation to the drop in the
AUC values at the end of the reevaluation process.
Variables were ranked based on the estimated per-
centage contribution, and values are shown as averages
over replicate runs. The model’s predictions are given
in logistic format and can be interpreted as the pre-
dicted probability of S. scrofa presence in the region.
MaxEnt models were tested, selected, and evaluated
using the default parameters in the MaxEnt software,
vers. 3.3.3 (iterations (1,000) and by being stricter than
recommended by authors of the algorithm (Phillips
et al., 2006). The resulting model was expressed on a
map using the maximum value (point-wise) of the 100
replications. This map was drawn on ArcGIS 9.3
(ESRI®); map of the standard deviation of the 100
replications and a map of the 95% confidence level
(lowerci) of the 100 replications are also included
(Suppl. Fig. S2 [pdf online]).
Models based on presence-only data cannot be
accurately validated by f ield data; however, it is
possible to show the predictive ability of the model and
whether or not the errors are acceptable (Lobo et al.,
2008). Thus, the 3,728 unused presence records
(n = 3,609 from 4,691 GBIF and 119 from other field
studies) were overlapped on the results of the model.
The probabilities of presence values were classified
according to their suitability for the wild boar as a
means of comparing the model results with the pre-
existing presence records for the species. Cells with
probability values in the range 0-0.5 were classified
as unsuitable, values in the range 0.5-0.6 as of low
suitability, values in the range 0.6-0.7 of medium
suitability, and values equal or higher than 0.7 as of
high suitability.
Results 
Retrieved data and correlation analysis
The result obtained after applying the exclusion
criteria and performing the selection process to reduce
the spatial autocorrelation between occurrences
(decreased density of presences), a total of 1,082 points
were available for model building.
The screening of the correlation tree and the
variance-inflated factor (VIFs <5) restricted the num-
ber of variables included as predictors in the MaxEnt
approach to 13 (out of 38). The selected variables were
grouped as climatic (n = 6), potential solar radiation
(n = 1), human footprint (n = 1), topography (n = 2),
and vegetation (n = 3) (Table 1).
The final model proved to be accurate, with a mean
AUC value of 0.79, a standard deviation of 0.007, and
minimum and maximum values of 0.78 and 0.81,
respectively. As AUC values above 0.75 are considered
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informative (Phillips & Dudík, 2008) our uniform
values indicates that all models provided good discri-
mination between true positive and false positive (Fiel-
ding & Bell, 1997; Pearce & Ferrier, 2000). Additional
testing for each of the 100 replications using a binomial
test of omission revealed statistical significance for
the prediction (p < 0.001) (Phillips et al., 2006), there-
by supporting the reliability of the final model. The
largest standard deviations (0.14-0.25) were located in
very restricted areas such as the Pyrenees and Canta-
brian mountains in northern Spain, and in southern
Spain in the Alcornocales Natural Park and Sierra Ne-
vada National Park (Suppl. Fig. S2 [pdf online]). In
the other areas of Spain the data deviate little from the
average values. In general, the results of the 95% con-
f idence level (lowerci) coincide with montane and
upland areas (Suppl. Fig. S2 [pdf online]).
Accordingly, the top six explanatory variables iden-
tified by their percentage contribution were: 1) sun-
shine hours 25.5% (‘sunh_ra’); 2) precipitation seaso-
nality 25.2% (coeff icient of variation, ‘bio15’); 3)
isothermality 10.7% (‘bio3’); 4) minimum tempera-
ture of coldest month 7.7% (‘bio6’); 5) slope 6%
(‘tslope’) and 6) annual precipitation 4.8% (‘bio12’).
The response curves (logistic output) produced by
univariate models of the six most important predictor
variables are given in Fig. 2. Sus scrofa habitat suita-
bility increased with sunshine hours, annual precipita-
tion and slope, but decreased when the coefficient of
variation seasonality of the precipitation increased and
had a varied response to isothermality. Both tempera-
ture seasonality and isothermality are a measure of va-
riability in the temperature over the course of the year.
Others variables (all with percentage contributions of
less than 4.3) that increase the predicted probability in
favorable situations include the percentage of land area
occupied by tree cover (‘covtree’), topographic diver-
sity (topographic complexity of the terrain) (‘tdiv’),
and the maximum values of the normalized difference
vegetation index (annual minimum) (‘ndvi_mn’). Ho-
wever, the probability decreases with the percentage
of land area occupied by bare soil cover (‘covbare’),
the minimum values of (‘ndvi_mn’) and, in general, to
greater human influence.
Table 1. Environmental variables included in the model-building process (after screening based on the correlation tree) for
modeling the distribution of Sus scrofa in Spain







Isothermality (bio2/bio7) (* 100)
Maximum temperature of warmest month
Minimum temperature of coldest month
Mean temperature of wettest quarter
Annual precipitation
Precipitation seasonality (coefficient of variation)
Potential solar radiation2 sunh_ra Sunshine hours, range of direct solar radiation (range of variable, difference
between the maximum and minimum)
Human influence hfp Human footprint. Represents the human influence on the territory
Topography tslope
tdiv
Slope (terrain slope in degrees)
Topographic diversity represents the topographic complexity of the terrain
(the sum of the different number of slopes, elevations, and orientations in a
10-km radius around a given cell)
Vegetation structure covbare
covtree
Percentage of land area occupied by bare soil cover
Percentage of land area occupied by tree cover
Vegetation index3 ndvi_mn Normalized difference vegetation index (annual minimum). NDVI estimates
its quantity and quality, and vegetation development.
1 The units of the temperature variables are expressed in tenths of degrees. 2 Watts per square meter per hour (Wh / (m * m) / day).
3 Variations in the vegetation index during 2004.
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Predicted habitat suitability distribution
Modelling the distribution of S. scrofa produced a
broad potential distribution that runs across much of
Spain (Fig. 3). In general, five areas stand out as the
most suitable for the species: 1) the Cantabrian-Basque
Mountains; 2) Pyrenees-Catalan Coastal Range; 3)
Iberian System (Valencia-Teruel); 4) Sierras de
Cazorla, Sierra Morena and Mountains of Toledo; and
5) the Central System. The highest habitat suitability
values (probability of presence per cell ≥0.7) coincide
in general with upland areas, but also include certain
lowland areas such as the Doñana National Park
straddling the provinces of Huelva, Cadiz, and Seville,
Figure 2. Response curves. The curves show the mean response of the 100 replicate MaxEnt runs (red) and the mean ±one standard
deviation (blue). Each curve represents a MaxEnt model created by using only the corresponding variable. These plots reflect the
dependence of predicted suitability on the selected variable. On the Y-axis, logistic output (probability of presence) and on the X-
axis (variable value). Abbreviations as follows: sunshine hours range (sunh_ra), precipitation seasonality (bio15), isothermality
(bio3), minimum temperature of coldest month (bio6); slope (tslope) and annual precipitation (bio12).
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and the Alcornocales Natural Park in Cadiz province.
The unsuitable habitats in Spain (probability of pre-
sence per cell ≥0.5) were identified in two main areas:
1) provinces of Huelva, Seville, Malaga, and Cadiz; 2)
southern Almeria, in southern Spain. The lowest
suitability habitats in Spain, in general, the probabi-
lities of presence between 0.5 and 0.6 correspond to
many of the major river valleys and depressions such
as those of the Miño, Tajo, Guadalquivir, Guadiana and
Duero rivers, and low suitability areas were also
identif ied in small areas in the north of Huesca and
Navarra provinces in northern Spain. The results of the
predictive ability measure of the model overlapping on
the field data are as follows:
Using the presence records not employed in the
model (from the decreased density of presences), ob-
served presence coordinates were seen to coincide with
the areas of high and medium probability of wild boar
presence predicted by the model. Of the total points of
presence not used in the model (3,609 GBIF records
plus 119 from other studies), 97.2% of records matched
suitability cells. 40.02% of records matched high
suitability cells, 47.49% medium suitability cells, and
10.41% low suitability cells. Only 2.09% of the presen-
ce data coincided with cells classified as unsuitable.
The data are shown in Table 2 and the coordinates in
Suppl. Fig. S3 [pdf online].
Discussion
In this study, the potential distribution of wild boar
in Peninsular Spain was effectively predicted by a
MaxEnt approach maximizing the use of information
from open-source databases. Visualization of the
predicted distribution reported in this study was similar
to that of previous studies of wild boar distribution in
the Euroasiatic zone, in particular in Spain (Spencer
& Hampton, 2005; Oliver & Leus, 2008) and in the
Iberian Peninsula (Palomo et al., 2007; Araújo et al.,
2011a,b; Bosch et al., 2012; Acevedo et al., 2014).
However, apart from using a different set of environ-
mental variables, the main difference in the present
study is that the fitted model also identifies the varia-
Figure 3. Potential geographic distribution of Sus scrofa in Spain (Model). Replicated MaxEnt model for Sus scrofa (using 60%
and 40% for model fitting and for cross validation, respectively). Model with the maximum value (point-wise) of the 100 output
grids.
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bles that have the greatest influence on species distri-
bution – thereby providing information regarding the
response profile of each variable – and combines their
predictability to generate a higher resolution map.
When interpreting these data, it is important to con-
sider that, although we have minimized the correlation
between variables included in this model (see in ma-
terial and methods section), it is possible that the varia-
bles reported to have a high percent contribution to the
model are not actually the drivers of the distribution
of S. scrofa. But rather, they are important in the model
only because these variables are correlated with en-
vironmental variables that were not included in the
model. Regardless of whether these parameters directly
shape the distribution of S. scrofa, or are in fact only
correlated with the true (unidentif ied) drivers of its
distribution, these results could be used to identify
suitable areas where S. scrofa may be found and pro-
vide a starting point for experimental work to elucidate
the true environmental factors which are most impor-
tant in driving the current distribution of wild boar in
Spain.
In general, high suitability areas are characterized
by mountainous terrain with forests, grassland, and
sometimes wetlands. Such areas are particularly pre-
valent on the Central Plateau in the center of the Penin-
sula (the Central System and Mountains of Toledo),
where there are grid cells with adequate environmental
conditions (maximum likelihood) for the species
occurrence (probability of presence ≥0.7). Some of the
areas of highest suitability coincide with areas of
known high density (western Pyrenees, Sierra Morena
and Mountains of Toledo) from where wild boar popu-
lations are considered to have dispersed to the north-
west and southeast of the Iberian Peninsula (Tellería
& Sáez-Royuela, 1985). Nevertheless, the main areas
identified as being unsuitable are located in the south
of Spain, in Guadalquivir valley and in the southeast.
These areas are characterized by a strong anthropiza-
tion of the environment. In addition, it is an area where
there have been no reported presence of wild boar (Pa-
lomo et al., 2007), due to its lack of potential resource
for this species (Bosch et al., 2012). According to our
model, the specific factors that might be limiting the
presence of wild boar in these areas are associated with
human footprint, percentage of land areas occupied by
bare soil cover and annual minimum of normalized dif-
ference vegetation index variables. In the northwest of
Spain (closed to Galician Massif) where potential re-
source for this species had been previously reported
(Bosch et al., 2012), certain areas were identified as
low suitability possibly due to the few collected
presence data.
Of the variables with the greatest influence, preci-
pitation seasonality (coefficient of variation) accoun-
ted for most variability in the prediction model. Due
to the climatic characteristics of Spain, rainfall typi-
cally decreases in summer as in other Mediterranean
bioclimatic zones with a high level of seasonal variabi-
lity in precipitation. The precipitation seasonality va-
riable expresses the variation in the level of rainfall
over the different seasons in a given area, which in
Spain is associated with latitude. As we move north-
wards towards the Atlantic bioclimatic region, the
coefficient of variation of seasonal rainfall becomes
more constant throughout the year, whereas in more
southerly, Mediterranean influenced latitudes, the
coefficient of variation of seasonal rainfall increases.
Hence, at more northerly latitudes, the water regime
is characterized by more constant rainfall, while in
southern latitudes variation is greater and the rainfall
regime is less constant over the year.
Temperature and precipitation have a signif icant
influence on the distribution of terrestrial vertebrate
Table 2. The results of the predictive ability measure of the model
Probability model values
Suitability Percentage (%)1
Average SD Min Max
range n = 3,728
0-0.5 (Unsuitable) 0 2.5 0.41 0.089 0.16 0.49
0.5-0.6 (Low suitability) 1 7.73 0.57 0.025 0.5 0.59
0.6-0.7 (Medium suitability) 2 49.74 0.66 0.026 0.6 0.69
0.7-1 (High suitability) 3 40.02 0.75 0.041 0.7 0.94
1 Percentage of cells classif ied as unsuitable, or of low, medium, or high suitability for wild boar presence. The 3,728 unused
presence records (n = 3,609 from GBIF and 119 from other studies) were overlapped on the model results to test the predictive
ability of the model. The meaning of the values of the average, standard deviation (SD), minimum (Min), and maximum (Max)
correspond to the total number of presence records in each suitability range (0, 1, 2, and 3).
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fauna since these two factors synthesize the flows of
energy and water in the ecosystem and substantially
limit the global distribution of biodiversity (Hawkins
& Porter, 2003; Whittaker et al., 2007). According to
Austin (1985), the use of direct selection gradients and
resources to calibrate ecological models improves the
interpretation of the results. These criteria must be ad-
ded to the spatial hierarchies that are subject to varia-
bles that control the distribution of vegetation (Huntley
et al., 1995; Neilson, 1995) since animals depend
directly on the food and shelter that vegetation provides
and their distribution is more affected by the structural
characteristics of the vegetation than by other factors
(except for human impact) (Markina-Lamonja, 1998).
Bearing in mind the aforementioned points and the fact
that Spain has a high level of species biodiversity
(UNESCO, 1977; De Miguel, 1999; Ruiz de la Torre,
2002; Sainz et al., 2010) and a great variety of habitats
(due to topographic heterogeneity, climatic contrasts,
complex geomorphology, and notable geographical
and lithological partitioning), we can select either cli-
matic variables, which determine distribution patterns
at large scales (e.g. peninsular or European scale) using
coarse resolutions (grid cells of 1-10 km2), or topo-
graphical and geological variables. Taking these as-
pects into consideration, through these gradients and
ecological predictors, we were able to capture much of
the study area’s ecological and environmental variabi-
lity and thus predict the potential distribution of wild
boar in Spain with reasonable accuracy.
As stated in our results, the ecological predictor that
best forecasts the presence of wild boar in Spain is
precipitation associated with the energy flow in the
ecosystem (precipitation, temperature, and sunshine
hours), complemented by other factors such as slope
and the diversity of terrain topography, vegetation
structure and, in general, the low levels of human
disturbance.
Due to the large variations in factors such as altitude,
temperature, and climate that exist in Spain, the coun-
try possesses a high degree of habitat heterogeneity.
Wild boar occupy a variety of habitats in Spain, from
sea level to an altitude of around 2,400 m, with tempe-
ratures in the range –14.8-36.3°C and annual rainfall
levels in the range 214-1,949 mm (Araújo et al.,
2011a). These ranges for wild boar habitats are sup-
ported by our results as shown by the response curves
for precipitation and temperature: annual precipitation
(bio12) in the range 400-1,800 mm, minimum tem-
perature of coldest month (bio6) in the range –10-10°C
(Fig. 2), and maximum temperature of warmest month
(bio5) in the range 10-40°C.
According to the presence probability expressed by
the previously described response curves, there is a
direct relationship between wild boar presence and
environmental factors. Bioclimatic levels depend on
direct and indirect resource gradients including flow
variables such as energy and water temperature, sun-
shine hours, and rainfall, which also vary depending
on altitude, longitude, and orientation (abiotic interac-
tions). These sets of gradients either limit or encourage
environmental conditions in which different types of
vegetation adapted to these biotopes can thrive. Hence,
wild boar presence is also linked directly to the type
of vegetation (land cover) since it provides the habitat
in which boars develop and survive. It is important to
note that apart from rainfall, water input may also come
in the form of dew in areas of high environmental
humidity or from the alteration of the ecosystem ba-
lance associated with modern agriculture through wa-
ter supply using new water infrastructures. Huge steppe
areas have been becoming irrigated, with high produc-
tivity in crops; thus artif icially providing food and
shelter for animals and f inally causing authentic
population explosions of these suids in Europe during
the last decades (Sáez-Royuela & Tellería, 1986). This
species, along with others, found here an opportunity
to colonize an environment, a priori, not suitable for
them. One of the most predominant species in these
“wet deserts” is corn (Zea mays), forming large areas
of this crop. These cornfields act as an “artificial fo-
rest” with abundant food, shelter or refuge, tranquility
and water, i.e., an ideal artificial and temporary habitat
for wild boar.
However, this variability in the data is not taken into
account in this study because the large-scale distribu-
tion of this crop in Spain is not available to date. More
accurate estimates of the geographical distribution of
the species would require more sophisticated metho-
dological approaches, which may explicitly include the
mechanisms responsible for local population dynamics
(Keith et al., 2008; Anderson et al., 2009), that is,
dispersal mechanisms and biotic interactions (Araújo
& Luoto, 2007; Hirzel & Le Lay, 2008), limiting
dispersion factors (i.e. natural or artif icial geo-
graphical barriers), and the role of absences data (Lobo
et al., 2010).
It is important to take note of the limitations of the
AUC statistic when true instances of absence are not
available to validate the model error as previously
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described (Lobo et al., 2008; Peterson et al., 2008;
Jiménez-Valverde, 2012). Depending on the species
and the territory, the factors causing these absences
vary. Unfortunately, in the case of the wild boar,
absence data are not available and they are difficult to
estimate accurately, largely owing to the high eco-
logical plasticity of this species and the human factors
that affect it (e.g. introduction for hunting). Therefore,
future research should be geared to identifying these
absences and developing real wild boar (realized)
distributions in order to improve our predictive ability
and to validate the model error (Jiménez-Valverde,
2012).
The inclusion of biotic interactions or absence data,
for instance, in these models gives more realistic dis-
tributions (Araújo & Luoto, 2007; Heikkinen et al.,
2007; Baselga & Araújo, 2009). Unfortunately, the use
of these factors is still under study and it was not
possible to include them in our model.
Other models capable of estimating the response of
species to climate change or other changes in the envi-
ronment are still at an experimental stage (Brook et al.,
2009) and require parameters that are not available for
most species. However, a number of approaches for
analyzing the influence of climate change and in current
conditions have been developed for the study of wild
boar in the Iberian Peninsula (Araújo et al., 2011a,b).
Finally, the predictive ability of the model was as-
sessed using field data as described above (Lobo et al.,
2008). The results showed many habitat suitability
areas in the sampling points of other authors and pre-
sences that were not used in the model but which
coincide with actual Sus scrofa f ield occurrence
localities, which confirms the model accuracy at these
points (Suppl. Fig. S3 [pdf online]). The results show
that the predictive ability of the model is high in the
areas where we compare the species’ presence and that
the error is quite acceptable since only 2.09% of the
3,728 presence records distributed throughout Spain
coincided with cells classified as unsuitable. However,
it is worth noting that these latter records were located
very close to cells with good habitat suitability for the
species (Suppl. Fig. S3 [pdf online]).
Habitat models provide information about the
environmental requirements of species, facilitate the
application of this information, and fill the gap bet-
ween science and management by focusing on conser-
vation biology (Elith et al., 2006; Phillips et al., 2006;
Peterson et al., 2011). The model generated will help
identify areas where hunting is of concern, that are
close to urban or rural centers where wild boars are
more likely to cause traffic accidents, and those that
are near croplands. This in turn facilitates the detection
of true hotspot contact areas between wild boar and
livestock and dispersion corridors for this species
between countries, particularly those located in the
altitudinal range of 500-2,500 m a.s.l. The temperature
and precipitation characteristics in this altitudinal zone
favor the presence of wild boar and are reflected in the
variety of altitudinal environments that arise in the
transition from Atlantic to Mediterranean bioclimatic
areas.
Unfortunately, data of presence from Portugal are
not currently available. It would have been very inte-
resting to have interpreted the results with data from
this country because its Atlantic climate probably in-
fluences wild boar populations in a different way.
Bearing in mind that to obtain a distribution model for
a species such as wild boar with a worldwide range, the
selection and interpretation of environmental and
climatic variables should be done very carefully as very
signif icant regional peculiarities exist and these
variables may not fully explain the probability of pre-
sence. Other variables related to biotic iteration and ab-
sence data could be added to the analysis to help
determine the best explanation for the presence of the
species. However, these data are not currently available.
Acevedo et al. (2014) have recently published a
study focused on Spain determining the abundance of
wild boar that is based on hunting yields and environ-
mental predictors (above all climatic predictors and
predictors related to the most important land cover for
wild boar). Previously, Bosch et al. (2012) undertook
a complete review and used a standardized European
land-cover program to develop a habitat suitability map
for the Iberian Peninsula which, moreover, included a
unified habitat and a density map per grid cell. Suitable
potential habitats where the wild boar might thrive
were determined on the basis of selected land uses and
assigned specific weights related to the land’s ability
to supply food and/or shelter to the wild boar.
Both of these studies used hunting data but both
seem to oversimplify the true situation given that they
did not employ various important – but currently una-
vailable – biological variables such as biotic interac-
tions. Much effort – including the present study, in
which a probability of presence score is calculated that
gives the habitat suitability index per grid cell – has
been made to typify wild boar habitat in Spain since
the f irst potential habitat model for wild boar using
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presence data and environmental variables was pre-
sented in 2012 (Bosch et al., unpublished data). We
anticipate that these studies can be used to compare
strategies, results, and methodologies to obtain an ever-
more exact map of wild boar distribution, abundance,
and density in Spain.
One of the inherent challenges in the present study
was to develop a methodology based on presence data
rather than hunting data since many authors have
criticized the use of the latter as a source of data in
scientific or technical work given that, among other
reasons, hunting statistics are often incomplete, dis-
perse, and rarely homogeneous over time. Likewise,
the complexity of hunting practices is great since there
are many different methods of hunting; hunting effecti-
veness varies and there is great heterogeneity in hun-
ting grounds and management practices (Martínez-
Jaúregui et al., 2011; Sarasa & Sarasa, 2013). In
general, the results of the present study do not differ
greatly from those obtained using other methods.
This fact implies that the models that use hunting
data to calculate densities (Bosch et al., 2012) or abun-
dances (Acevedo et al., 2014) may be as valid as those
that are based on presence data since they are very
similar when compared on a spatial level. A large
number of methods and techniques exist and all require
distinct types of data and generate results with differing
predictive abilities. Nevertheless, the tendency of the
SDM (species distribution models) is to use consensus
methods to combine predictions (Laplace, 1820;
Thuiller, 2004; Araújo & New, 2007) in order to de-
crease the predictive uncertainty of single models
(Araújo et al., 2005). Only through the efforts such as
those of the present study and the other abovemen-
tioned studies will it be possible to develop a fully
accepted method that will improve the prediction of
wild boar distribution in Spain.
Our model generates highly accurate predictions, as
confirmed by satellite images and field surveys and
could be used in studies concerning the distribution,
management, and conservation of wild boar and
wildlife research in general.
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